Abstract: Total conceptual cost estimates and the assessment of the quality of these estimates are critical in the early stages of a building construction project. In this study, the support vector machine ͑SVM͒ model for assessing the quality of conceptual cost estimates is proposed, and the application of SVM in construction areas is investigated. The results show that the SVM model assessed the quality of conceptual cost estimates slightly more accurately than the discriminant analysis model. This shows that using the SVM has potential in construction areas. In addition, the SVM model can assist clients in their evaluation of the quality of the estimated cost and the probability of exceeding the target cost, and in their decision on whether or not it is necessary to seek a more accurate estimate in the early stages of a project.
Introduction
Clients have wanted not only to know the results of conceptual cost estimates, but also to assess their quality, because such estimates are critical to their decision making in the early stages of a construction project ͑Trost and Oberlender 2003͒. In this context, quality refers to the estimated cost being accurate and reliable. Assessing the quality of conceptual cost estimates is a way of measuring the cost risk of the project ͑Serpell 2004͒. However, in the conceptual stage of a construction project, when design documents such as drawings and specifications have not been finalized, estimators can make only rough estimates based on the experience and knowledge they have accumulated over the years. With an assessment of the quality of the conceptual cost estimate, clients can decide whether a more accurate estimate is needed in the early stages of a project.
Previous research has developed models for assessing the quality of conceptual cost estimates. In these models, rule-based methods ͑Boeschoten 2004; Serpell 2004͒ and mathematical methods such as regression analysis and factor analysis ͑Fortune and Lees 1996; Oberlender and Trost 2001; Trost and Oberlender 2003͒ were used because of the complexity of assessing conceptual cost estimates, which are influenced by various factors ͑Skitmore 1991; Ashworth 1999; and Akintoye and Fitzgerald 2000͒ . However, a rule-based method has disadvantages such as the lack of self-learning ͑Yau and Yang 1998a͒, and a timeconsuming rule acquisition process ͑Yau and Yang 1998b͒. Mathematical methods such as regression analysis and factor analysis also have disadvantages such as their limitations in describing nonlinear relationships ͑Chua et al. 2001; Kim et al. 2004͒ .
The aims of assessing conceptual cost estimates are to measure the accuracy of the estimates, which represents the gap between the actual cost and the estimated cost, and to know that the estimated cost is reliable. In general, studies that have assessed the quality of conceptual cost estimates are divided into two categories according to their applied methods. Studies in the first category predict the gap between actual cost and estimated cost with deterministic figures using mathematical methods ͑Fortune and Lees 1996; Trost and Oberlender 2003͒ . Those in the second category indicate the acceptable level of the quality of conceptual cost estimates by using scoring ͑Oberlender and Trost 2001; Boeschoten 2004͒ or rules ͑Serpell 2004͒. This study proposes a model that will assess the quality of conceptual cost estimates by classifying the range of error rate, because the expected range of error rate can assist decision makers in their consideration of the acceptable level of the quality of conceptual cost estimates in terms of accuracy and reliability.
Among recent artificial intelligence theories, support vector machines ͑SVMs͒, which were introduced by Vapnik ͑1999͒, have received much attention because of their capacity for selflearning and their excellent performance in generalization. In most cases, the performance of SVM generalization either matches or is significantly better than that of competing methods such as neural networks and fuzzy systems ͑Burges 1998͒. In particular, SVMs have better performance than neural networks in dealing with pattern recognition problems ͑Dibike et al. 2001͒, because SVMs directly determine the decision function for twoclass problems. Their generalization ability is therefore maximized while training errors are minimized ͑Abe 2003͒.
This study applies the SVM to the assessment of conceptual cost estimates according to the range of error rate, so that the applicability of the SVM model can be examined by assessing conceptual cost estimates. The second section reviews the assessment of conceptual cost estimates with respect to quality and factors that influence quality. The SVM model for assessing conceptual cost estimates is reviewed in the third section. The SVM model is applied to a data collection in order to assess conceptual cost estimates in the fourth section. Finally, conclusions and suggestions for future research are presented.
Assessing Conceptual Cost Estimates

Assessment Techniques
Conceptual cost estimates can be assessed by measuring the satisfaction level of the purchasers of the cost estimate, such as clients and decision makers. This satisfaction is a function of the purchaser's perception of the usefulness of the estimated cost, and it can be measured by the relationship between actual cost and estimated cost ͑Skitmore 1991͒. Several measures can be used to describe this relationship, and these measures have been considered with respect to bias and consistency ͑Skitmore 1991͒ or accuracy and reliability ͑Fortune and Lees 1996; Serpell 2004; Boeschoten 2004͒ . Bias and consistency are related to accuracy and reliability, respectively. Therefore, in this study, accuracy and reliability are employed to describe the relationship between actual cost and estimated cost.
The accuracy of a conceptual cost estimate measures how closely the estimated cost approaches the actual cost. In other words, accuracy can be defined as the difference between the actual and estimated costs ͑Ashworth 1999; Serpell 2004͒. Accuracy can be measured by the error rate calculated from Eq. ͑1͒ error rate͑%͒ = ͉actual cost − estimated cost͉/actual cost ϫ 100
͑1͒
However, the error rate is measured under the assumption that the construction scope does not change during the construction period, because changes will influence the construction cost ͑Boeschoten 2004͒. Changes in the construction scope are related to the reliability of the conceptual cost estimate.
Reliability can be defined as consistency between the initial estimated cost and the subsequent estimated cost ͑Boeschoten 2004͒. If the same construction cost is estimated for the same construction project repeatedly, these cost estimates are said to be reliable. Reliability is measured by the range of accuracy ͑Serpell 2004͒. In this study, conceptual cost estimates are assessed by classifying the range of error rate. Fig. 1 illustrates the meaning of the quality of conceptual cost estimates.
Factors Influencing Conceptual Cost Estimates
Various factors that influence the conceptual construction cost estimate need to be considered with respect to quality. The quantity of available data may vary, depending on the project. When more data are available, the quality of conceptual cost estimates is likely to be higher. In addition, uncertainty in the project definition leads to changes in costs. For example, drawings, specifications, and project scope may be changed, and these changes will influence the reliability of the conceptual cost estimate. As shown in Fig. 2 , construction cost estimators or estimation teams try to improve the accuracy of cost estimates by predicting these changes and uncertainties based on their skills, experience, and knowledge ͑Oberlender and Trost 2001͒. However, it is impossible to predict all the expected changes or uncertainties correctly during a cost estimate period. Only some of these changes or uncertainties can be predicted. Further, not all such predictions are correct. Such changes or uncertainties influence the quality of conceptual cost estimates simultaneously.
Support Vector Machines
There are many approaches to assessing the quality of conceptual cost estimates, including mathematical methods such as regression analysis, machine-learning methods such as neural networks ͑NNs͒, and SVMs. Regression analysis and NNs have been used in the construction area. However, SVMs have been introduced rarely, if ever, in the construction area. This is despite SVMs showing excellent performance in generalization, as shown by a variety of experiments on patterns. Therefore, this study applies an SVM and tests its applicability to the construction area.
The SVM was first introduced in 1992 ͑Boser et al. 1992͒. The SVM is characterized by "large margin hyperplanes of input space," the "use of kernels," the "use of slack variables," and the "inner product of the feature space," etc. These characteristics have been used since the 1960s ͑Cristianini and Shawe-Taylor 2000͒. Here, a brief summary of SVMs is given, based on Vapnik Suppose we are given the training data ͕͑x i , y i ͖͒ i=1 l , where x i R d is the ith input and y i ͕−1,1͖ is the associated label, with y i = 1 for class 1 and y i = −1 for class 2. If the training datum can be separated linearly, the separating hyperplane can be formulated as
where · = inner product of two vectors; w = normal ͑one-dimensional vector͒ to the hyperplane that separates the positive from the negative examples; and b = scalar ͓Fig. 3͑a͔͒. The distance between the separating hyperplane and the training datum, the nearest to the hyperplane, is called the margin. Although we can find various hyperplanes that satisfy constraint ͑2͒, the SVM looks for the linear separating hyperplane that gives the maximum margin between two hyperplanes ͑x i · w − b −1=0 and x i · w − b +1=0͒, in order to maximize generalization performance. The hyperplane with the maximum margin is called the optimal hyperplane. As the margin is 2 / ͱ w·w, we can find the pair of hyperplanes by minimizing 1 / 2w·w, subject to constraint ͑2͒.
This optimization problem can be switched to a Lagrangian formulation
where ␣ i ͑␣ i ജ 0͒ = Lagrange multipliers. As the solution is given by the saddle point of L p , we can obtain the following properties of the optimal hyperplane:
Moreover, using the classical Kühn-Tucker theorem, the optimal separating hyperplane can be formulated as follows:
If points xi do not lie on this hyperplane, the condition, ␣ i = 0 must be satisfied. Those points xi that do lie on the optimal separating hyperplane are called the "support vector." Eq. ͑6͒ can then be written as follows:
Therefore, we find that the optimal hyperplane is a linear combination of the support vectors.
If the SVM is applied to nonseparable data, this can be dealt with by introducing positive slack variables i͑i =1, ... ,1͒, as shown in Fig. 3͑b͒ 
To determine the optimal separating hyperplane, we minimize
subject to the constraints Eq. ͑8͒, where C = upper bound that determines the tradeoff between the maximization of the margin and the minimization of the classification error. This quadratic optimization problem can be solved by maximizing the quadratic form
Therefore, we can find the coefficient of the generalized optimal hyperplane, Eq. ͑7͒. The hyperplane obtained is called the "soft-margin hyperplane."
As the linear SVM constructs a linear separating function in the input vector space, we cannot expect high separation performance when the decision function is not linear. To generalize the method, for cases where the decision function is not a linear function of the data, the input space is mapped into a highdimensional dot-product space called the feature space ͑Fig. 4͒. The SVM maps the input vectors x R d into a high-dimensional feature space Z through the nonlinear mapping ⌽ :
In this space, the soft-margin hyperplane is constructed. Therefore, the inner product x i ·x j for the linear SVM is equivalent to ⌽͑x i ) · ⌽͑x j ͒ in a high-dimensional feature space. Usually, the dimensionality of the feature space is large. As the amount of computation of the inner product in a D-dimensional feature space is D / d times that for the input space, it can easily become computationally infeasible. If the dot product in the feature space is expressed by K͑x i · x j ͒ = ⌽͑x i ͒ · ⌽͑x j ͒, called a kernel function, it is not necessary to treat the feature space explicitly, the amount of computation is reduced, and the extension to the feature space is straightforward. A kernel function satisfying this condition is known as the function satisfying Mercer's condition. In general, three kinds of kernel function are used as follows: • Polynomial
• Two-layer neural networks
In this study, three kinds of kernel function were tested, to obtain the best performance.
Application
Determining Factors Affecting Assessment of Conceptual Cost Estimates
In this study, the factors to use for the assessment of conceptual cost estimates were determined in two steps. First, a list of factors that influence the conceptual cost estimates was made by reviewing previous research ͑Skitmore 1991; Oberlender and Trost 2001; Trost and Oberlender 2003; Ashworth 1999; Akintoye and Fitzgerald 2000; Brook 2004; Serpell 2004͒ . Second, factors were selected from this list by interviewing three cost estimators who were very experienced in construction cost estimation in Korea. This study determined five categories and 20 factors for assessing the quality of conceptual cost estimates. These categories and factors are shown in Table 1 .
Data Collection
Data from 62 completed building construction projects were collected from general contractors in Korea. The data included the assessment of the quality of conceptual cost estimates, and measurements of the factors shown in Table 1 made at the time of the conceptual cost estimates. The quality of a conceptual cost estimate was assessed by using three classes based on the range of error rate ͑Class 1: ±0 -5%, Class 2: ±5 -10%, and Class 3: over± 10%͒ between conceptual estimated cost and actual cost. The reason is that, from interviews with experienced experts, Korean companies generally set the primary goal of the range of error rate at 5% and the reasonable goal at 10%. In the selected data, 22 were in Class 1, 16 were in Class 2, and 24 were in Class 3.
SVM for Assessing Conceptual Cost Estimates
The SVM was applied to this collection of data to assess the quality of the conceptual cost estimates. In general, the SVM model is better suited to two-class problems than to multiple-class problems. However, in this study, conceptual cost estimates were assessed by classifying the range of error rate into three classes ͑Class 1, Class 2, and Class 3͒, as mentioned above. For multiple classifications such as this, the SVM model has been used in two main ways: one-versus-rest ͑OVR͒, in which one class is separated from the remaining classes; and pairwise ͑Vapnik 1999; Weston and Watkins 1999͒. Both approaches, however, have the limitation that they have an unclassifiable region. Moreover, pairwise comparison needs more models than the OVR method, as the number of classes increases. Much research ͑Abe 2003; Weston and Watkins 1999͒ has been undertaken to ameliorate this limitation. If we can obtain good results using the OVR method, we can expect good performance using other SVM models. Therefore, this study focuses on the OVR method.
A conceptual cost estimate was assessed by using the OVR method in the SVM model by the following processes: ͑1͒ SVM models for each class's classification were trained by using training data; ͑2͒ after training each SVM model for the three-class classification, each class's classification score was calculated by using the factor's value of the new conceptual cost estimate; and ͑3͒ a new conceptual cost estimate was assigned to the class that had the largest classification score. SVM models were created using SVMdark ͑Sewell 2005͒, which is based on SVMlight ͑Joachims 1999͒.
To examine the applicability and potential of the SVM for assessing the quality of conceptual cost estimates, the mathematical approach was compared with the SVM approach, with respect to the performance of the assessment of conceptual cost estimates, because the mathematical approach could explain how well a model matches a given data set. Discriminant analysis, which can be used to classify the cases into several classes, was employed to structure a mathematical approach, because this analysis has the advantage of a well-defined mathematical basis and has previously been applied to classification problems in the construction area ͑Ng and Skitmore 1999; Lee et al. 2004͒ . In this study, the discriminant analysis, which was performed using the Statistical Package for Social Science ͑SPSS͒, was conducted by classifying the range of error rate into three classes in an attempt to assess the quality of conceptual cost estimates.
Results and Discussion
To structure the SVM model, a suitable kernel function and a hyperparameter of the kernel function must both be determined. The results of preliminary tests showed that a polynomial function of the SVM model gave the highest accuracy as a kernel function for the discrete binary classifier. Then the hyperparameter of the polynomial function that leads to the best performance of the SVM model was determined. In this study, the test results were analyzed by varying the hyperparameter ͑n͒ between one and five.
To evaluate the performance of the SVM model for conceptual cost estimates, fivefold cross-validation was adopted. As there were 16 data in Class 2, it was thought reasonable to divide the training data into five subsets. Table 2 shows the results of fivefold cross-validation to evaluate the performance of the SVM model in assessing conceptual cost estimates. Overall, the average accuracy was 85.5%, with a minimum of 83.9% and a maximum of 88.7%. When the hyperparameter ͑n͒ of the polynomial function in the SVM model was two, the accuracy was highest, at 88.7%. In addition, the average accuracies did not vary much across different values for n.
The model for the conceptual cost estimate using discriminant analysis gave an average accuracy of 86.9% for the fivefold crossvalidation when using all independent variables, as shown in Table 3 . In this study, the test results were analyzed using methods for selecting variables.
The results of the models using the two types of methods for assessing conceptual cost estimates show that the SVM model assessed the conceptual cost estimate slightly more accurately than the model using a mathematical method such as discriminant analysis. However, the gap between the SVM model and the discriminant analysis model in average accuracy is very small. In addition, because this study conducted the fivefold crossvalidation with only 12 or 14 cases, i.e., 19.4 or 22.6% of the 62 cases, misinterpretation of a single case yields an 8.33 or 7.14% deviation in each fold cross-validation, respectively. Therefore, it would have been difficult for the SVM model to have a better performance than the discriminant analysis model with respect to accuracy of assessment.
These results reveal that using the SVM, which is a new technology, has an applicability and potential in construction areas. In addition, the SVM assessment model proposed in this study can assist clients in their evaluation of the quality of an estimated cost and the probability of exceeding the target cost, and in their decision on whether or not it is necessary to seek a more accurate estimate in the early stages of a project.
Conclusion
This study has proposed using an SVM model to assess conceptual cost estimates, in order to examine the applicability and potential of SVM in construction areas. This model was used to assess conceptual cost estimates according to the range of the error rate. To examine the applicability and potential of the SVM model, the study compared two different models, namely the SVM model and the discriminant analysis model. In both models, 62 data values, collected from general contractors in Korea, were used for the fivefold cross-validation of the two models. The results showed that the SVM model assessed conceptual cost estimates slightly more accurately than the discriminant analysis model. This means that the SVM has an applicability and potential in construction areas. In addition, the SVM assessment model can assist clients in their evaluation of the quality of an estimated cost, and in their decision on whether or not it is necessary to seek a more accurate estimate in the early stages of a project.
In this study, the proposed SVM model for assessing the conceptual cost estimates was compared only with the traditional discriminant analysis model. However, other artificial intelligence methods, such as neural networks and case-based reasoning, are used for solving classification problems. Therefore, further research should be conducted to investigate the applicability and potential of other artificial intelligence methods for assessing conceptual cost estimates.
Notation
The following symbols are used in this paper: b ϭ parameter value for separating hyperplanes; C ϭ capacity factor; K ϭ kernel function; L ϭ Lagrange function; l ϭ number of examples in training set; w ϭ parameter vector for separating hyperplanes; x ϭ input vector; y ϭ output factor; and ϭ constraint violation.
